The human multidrug and toxin extrusion (MATE) transporter 1 contributes to the tissue distribution and excretion of many drugs. Inhibition of MATE1 may result in potential drug−drug interactions (DDIs) and alterations in drug exposure and accumulation in various tissues. The primary goals of this project were to identify MATE1 inhibitors with clinical importance or in vitro utility and to elucidate the physicochemical properties that differ between MATE1 and OCT2 inhibitors. Using a fluorescence assay of ASP + uptake in cells stably expressing MATE1, over 900 prescription drugs were screened and 84 potential MATE1 inhibitors were found. We identified several MATE1 selective inhibitors including four FDA-approved medications that may be clinically relevant MATE1 inhibitors and could cause a clinical DDI. In parallel, a QSAR model identified distinct molecular properties of MATE1 versus OCT2 inhibitors and was used to screen the DrugBank in silico library for new hits in a larger chemical space.
■ INTRODUCTION
Transporters on the plasma membrane of cells are major determinants of drug absorption, elimination, and accumulation in various tissues. In the past decade, many studies have been devoted to understanding and characterizing transporters involved in pharmacokinetic processes, primarily in the intestine, kidney, and liver (e.g., P-gp, OATs, OATPs). 1 Information from these studies has enhanced our understanding of drug absorption and elimination phenomena. 2 In addition, transporter-related drug accumulation and drug toxicity studies have formed the basis for understanding and predicting clinically important drug− drug interactions (DDIs). With respect to the kidney, several solute carrier transporters (SLCs) for both anions (e.g., OAT1 and OAT3) and cations (e.g., OCT2, MATE1, and MATE2-K) have been shown to be of clinical importance for drug elimination. 1,3−5 This manuscript focuses on the human multidrug and toxin extrusion transporters MATE1 and MATE2-K as well as the organic cation transporter OCT2, which are important in the disposition of positively charged drugs.
The MATE transporter family consists of two members, namely MATE1 (SLC47A1) and MATE2 (SLC47A2), and has only relatively recently been described. 6, 7 Both transporters contribute to the urinary excretion of structurally diverse organic cations at the apical membrane of renal cells. MATE1 is widely expressed in body tissues, including the kidney, liver, skeletal muscle, adrenal gland, and testis. In the kidney, MATE1 is localized to the apical membrane of the proximal and distal convoluted tubule. 6 Three major splice variants of MATE2 have been identified, MATE2, MATE2-B, and MATE2-K. Of these, only MATE2 and MATE2-K demonstrate functional activity in cell-based experiments. 7, 8 MATE2-K consists of only 566 amino acid residues (as opposed to 602 amino acid residues in MATE2) and is almost exclusively expressed in the apical membrane of the human proximal tubule. Both MATE1 and MATE2-K act as electroneutral exchangers of their substrates with an oppositely directed proton gradient as a driving force.
Of the organic cation transporters OCT1 through 3 (SLC22A1, SLC22A2, and SLC22A3), OCT2 is most strongly expressed in the kidney while OCT1 is predominantly expressed in the liver and OCT3 is expressed in many different tissues. 3 In epithelia, OCTs are generally localized to the basolateral membrane and mediate the uptake of organic cations into the cells by facilitated diffusion driven by an inside-negative membrane potential. In the kidney, OCTs and MATEs have been shown to act concertedly in the excretion of organic cations. Their substrate and inhibitor specificity are supposed to overlap heavily. 9, 10 Recent studies to identify and compare the affinity and potency of MATE and OCT substrates and inhibitors have been published (for a review see Nies et al.) . 3 Several articles concerning ligand selectivity for MATE1 compared to MATE2-K have been published using different methodologies, ranging from classical experimental procedures 11 to pharmacophore-based ligand identification. 12 These studies, which provide interesting models for predicting inhibitors of MATEs, were based on small libraries with a maximum of about 60 compounds and were not focused on prescription drugs. Previous studies to identify inhibitors of OCT1 and OCT2 are more extensive, with screens that included larger numbers of inhibitors and many prescription drugs. 13−15 However, little work has been performed on substrate and inhibitor overlap between OCTs and MATEs. Even though few examples of selective inhibitors have been described 16 more probes for both in vitro and in vivo applications are required.
Therefore, the primary goal of the current study was to use high throughput screening (HTS) to identify inhibitors of MATE1 that can be used as in vitro and in vivo probes. The screen was complemented by a quantitative structure−activity relationship (QSAR) model based on the random forest (RF) methodology 17 for the prediction of MATE1 inhibitors. This approach led to the identification of novel potent and selective inhibitors of MATE1. A special emphasis was placed on drugs that may potentially cause clinical drug−drug interactions. The International Transporter Consortium (ITC) has issued guidelines for selected transporters (OCT2, P-gp, BCRP, OAT1, OAT3, OATP1B1, OATP1B3) that define when a clinical DDI study should be conducted. 2 According to these guidelines, if the ratio C max,unbound /IC 50 is greater than or equal to 0.1 then a clinical DDI study should be performed. Although, to date, no guidelines for MATEs are available, the ITC is considering making similar recommendations for these transporters. Therefore, in this manuscript we used the threshold of ≥0.1 to identify drugs that may cause clinically significant DDIs.
A secondary goal was to compare properties of inhibitors of MATE1 with those of OCT2, which was screened in a previously published study from our laboratory. 15 This study provides novel insights into the inhibitor specificity profiles of organic cation transporters, including their charge selectivity and required physicochemical properties.
■ RESULTS
High Throughput Screen for MATE1 Inhibitors with ASP + as Fluorescent Probe. A high throughput screening (HTS) to identify inhibitors of MATE1 was performed using the fluorescent probe ASP + . The uptake assay of ASP + in cells overexpressing MATE1 was characterized and optimal experimental conditions were derived (i.e., duration of the uptake experiment and ASP + concentration; Experimental Section) ( Figure 1A ,B). In particular, 1.5 min was selected as experimental duration to perform the screen because it was in the linear range of transport ( Figure 1A ). An ASP + concentration of 2 μM was selected for the screening studies because it was below the K m of 34 μM ( Figure 1B ). The functionality of the assay for inhibition studies was confirmed by determining the IC 50 value of cimetidine, a well-established MATE1 inhibitor. The IC 50 was 1.2 ± 0.25 μM, which is in agreement with published data 6, 18, 19 ( Figure 1C ). For the screening, the probe uptake was determined in the presence + uptake at 20 μM inhibitor concentration. The red arrow marks the 84 compounds with less than 50% maximum ASP + uptake; these compounds were considered as hits.
of compounds of the ICONIX library, which contains 910 FDA approved drugs from 124 therapeutic classes. 15 We identified 84 compounds that exhibited 50% or more inhibition of ASP + uptake at 20 μM. These compounds were considered as strong inhibitors (hits) of MATE1 ( Figure 1D ), and selected compounds were subjected to follow-up IC 50 determinations.
Physicochemical Properties of MATE1 HTS Hits and Comparison to OCT2 HTS Hits. The MATE1 inhibitors identified in the present study were compared to the OCT2 inhibitors identified previously using the same fluorescent probe and the same library. 15 Interestingly, OCT2 exhibited a broader inhibition pattern ( Figure 2A ) and considerably fewer compounds were found to inhibit MATE1 as compared to OCT2 ( Figure 2B ). Figure 2A shows the amount of compounds per percent inhibition and is thus reflective of the distribution of inhibitors and noninhibitors over the data set. For example, it becomes apparent that not only there are more OCT2-inhibitors but also that they have more variable percent inhibition compared to MATE1 inhibitors. Forty-five selective MATE1 inhibitors that did not affect OCT2 transport were identified based on the screening results. In contrast, 205 selective OCT2 inhibitors and 39 dual MATE1/OCT2 inhibitors were found ( Figure 2B ). The existence of distinct groups of transporter inhibitors suggests that elucidating differences in structural and physicochemical properties may help in understanding the properties that lead to transporter selectivity. We therefore used several computational methods to characterize and differentiate MATE1 or OCT2 selective inhibitors as well as inhibitors of both transporters (dual inhibitors) and noninhibitors.
First, to examine differences between these groups, we performed a principal component analysis (PCA) and compared OCT2 and MATE1 selective inhibitors to dual inhibitors and to the whole ICONIX library ( Figure 2C ). More specifically, we analyzed various physicochemical properties such as molecular weight, molecular volume, number of heavy atoms, number of rotatable bonds, number of hydrogen bond donors and acceptors, SLogP, topological polar surface area, and charge at pH 7.4 (Supporting Information Table 2 ). The first two principal components (PC1 and PC2 in Figure 2C ) explain ∼70% of variability in physicochemical properties between transporter selective inhibitors and dual inhibitors or noninhibitors. The first principal component is governed by polarity, size, and hydrogen bonding, the second principal component is mainly represented by lipophilicity. The bottom right quadrant in Figure 2C , which contains large, hydrophobic, positively charged compounds, contains a large number of dual and MATE1 selective inhibitors. Smaller, positively charged compounds cluster in the bottom left quadrant. Compounds in the upper left quadrant are negatively charged. The PCA analysis proved helpful in identifying interesting compounds for further testing and, in particular, compounds that showed to be selective MATE1 or OCT2 inhibitors. Many promising inhibitors with strong inhibition values in the screen, such as indinavir, dihydroergotamine, and vecuronium bromide, clustered in the lower right quadrant. Leucomycin was selected for further testing based on proximity to these compounds. Follow-up testing revealed that this drug was not only a MATE1 inhibitor but was also selective over MATE2-K and OCT2 (Table 1 ). The cluster in the lower left quadrant contained many compounds with medium to high IC 50 values, such as ethinyl estradiol, but also some highly active inhibitors like rimantadine. Finally, the upper left quadrant contained many true negative and false positive drugs with respect to MATE1 inhibition, including niacin and ciclopirox. The latter was selected for a confirmatory experiment based on its association with this cluster.
As a second analysis, we examined the physicochemical and structural properties of the inhibitors of MATE1, OCT2, Figure 3F −J). As expected for cation transporters, such as MATE1 and OCT2, bases were overrepresented in the inhibitor groups compared to the whole ICONIX library. The fraction of inhibitors that were bases was highly enriched for OCT2 selective (p < 1 × 10
) and dual inhibitors (p < 1 × 10
) in comparison to the ICONIX library. Bases were also overrepresented among the MATE1 selective inhibitors but at lower significance levels (p < 0.05). Interestingly, zwitterions (e.g., famotidine, telmisartan) were overrepresented in the OCT2 selective inhibitor group (p < 0.01) but not in the other groups. As expected, acids were overrepresented in the noninhibitor groups to a highly statistically significant extent (p < 1 × 10
), and the same held true for neutral compounds though the significance level was much lower (p < 0.05).
Validation of HTS Screen by Follow-up IC 50 Determination. To test the quality of the screening assay as well as to enhance and validate the in silico model development, we determined the IC 50 values of various promising drugs against MATE1, MATE2-K, and OCT2 (Table 1) . These drugs were selected based on their predicted MATE1 IC 50 values (prIC 50 ), their pharmacological interest (e.g., novelty or how commonly they are used), and/or their potential to inhibit other cation transporters (based on published data). Interestingly, for the library used in this study, we identified more compounds that exhibited MATE1 selectivity over MATE2-K than over OCT2 (e.g., gabexate, granisetron, rimantadine, vecuronium bromide). In Table 1 , only topotecan seems to have a slight preference for both MATEs compared to OCT2. Furthermore, ethinyl estradiol proved to be a better OCT2 than MATE inhibitor, and chlorhexidine as well as bithionol were pan-inhibitors, i.e., inhibiting MATE1, MATE2-K, and OCT2. Moreover, the IC 50 values for OCT1 and OCT3 of chlorhexidine were 0.21 and 0.41 μM and for bithionol 3.9 and 5.5 μM, respectively (data not shown). Nevertheless, selective inhibitors for MATE1 were identified and include prazosine, buspirone, leucomycine, and the drugs inhibiting at clinically relevant concentrations discussed below. Many of the compounds in Table 1 have not, to the best of our knowledge, been described as inhibitors of organic cation transporters (e.g., domperidone, camostat, dihydroergotamine, epinastine, gabexate) or have only been shown to interact with the OCTs but not the MATEs (e.g., prazosin, granisetron). It is noteworthy that some compounds in Table 1 were close to clinical significance. For example, tubocurarine has a C max,unbound / IC 50 of 0.07, which is near the threshold of 0.1. 
Development and Utilization of Computational
Model (RF-Model-I) to Ratify and Complement HTS Results. To aid in the targeted validation of the screening hits, we developed an RF classification model of MATE1 inhibitors and noninhibitors as identified in the HTS. We estimated the performance of the RF algorithm by means of internal crossvalidation, using out-of-bag samples, and external validation using 10 test sets (Experimental Section). The receiver operating characteristic (ROC) curves for external validation tests are shown in Figure 4A . The average area under the ROC curve (AUC) for the 10 tests was 0.70 ± 0.05 (permutation test p-value <0.0001), indicating good quality models. For comparison, we built MATE1 classification models using a k-nearest neighbor (kNN) algorithm and a partial least-squares discriminant analysis (PLS-DA) algorithm. The kNN algorithm is a simple but effective method for similarity clustering and classification. The PLS-DA technique was evaluated because it was successfully used in QSAR modeling of other transporters. 15, 20 The average AUCs for the kNN (AUC = 0.62 ± 0.05) and PLS-DA (AUC = 0.66 ± 0.04) models were significantly lower than that for the RF models (Supporting Information Figure 2 and Table 3 ).
Next, we used the entire HTS data set to train an RF model (RF-Model-I), which we employed in several ways. First, we tested the model's ability to rescue false negative compounds with respect to MATE1 inhibition in the screen. As Table 2A illustrates, the model performed well at this task over a broad range of screening-based inhibition values (5−49% inhibition). Remarkable examples were ranitidine and irinotecan, which in the follow-up experiments inhibited MATE1 in the low micromolar range but did not inhibit ASP + uptake by more than 50% in the screen. The only incorrectly predicted false negative compound was methyl ergonovine, which was surprising because it belongs to the ergot alkaloid family, that includes several inhibitors of MATE1 (e.g., dihydroergotamine). The rescued negative hits were tested for inhibition of other transporters, and several were OCT2 selective. Both carvedilol and noscapine had IC 50 values against OCT2 of 7.5 and 2.6 μM, respectively, and did not inhibit MATE2-K up to 500 μM (data not shown). Although we did not find any additional selective and/or clinically relevant inhibitors, this approach proved useful in rescuing otherwise overlooked inhibitors.
Second, we tested the model's ability to predict false positive screening hits. To do so, we studied compounds that had been assigned a very low score by RF-Model-I despite >50% inhibition in the initial screen. As Table 2B shows, the model performed well at this task. It is noteworthy that compounds with IC 50 values above 100 μM (e.g., phenacetin) might still be substrates because the screening methodology used in this study is primarily powered to identify inhibitors. For example, when we assessed the inhibition of ASP + uptake by metformin, we found an IC 50 value of 250 μM (data not shown).
Third, we assessed the model's performance in identifying true negative compounds. Table 2C illustrates that the model is also suited well for this task over a wide array of compounds including cations (e.g., lidocaine) and zwitterions (e.g., furosemide).
Finally, we also identified mismatched compounds based on the RF-Model-I predictions, i.e., compounds that were either predicted to be inhibitors by the model but could not be confirmed experimentally (e.g., irbesartan) or inhibitors confirmed by experiments that were not detected by the model (e.g., propranolol). Table 2D gives an overview of this compound category.
We used the feedback from the experiments to refine the RF models and to generate an improved version (i.e., RF-Model-II; see next paragraph) for further use. Upon refinement with experimental results, the performance of the RF models significantly improved, as assessed in 10 external tests ( Figure 4A ,B). The average AUC of the refined RF models increased to 0.78 ± 0.02 (Student's t test p-value < 0.0005). Again, we compared the performance of the RF algorithm to those for the kNN and PLS methods. Although the AUCs improved for all three methods, our analysis shows that the RF models performed better in external validation tests (Supporting Information Table 3 and Figure 2 ).
Use of RF-Model-II to Screen a Large in Silico Library. After improving the initial model based on feedback from experimental testing, we used the new QSAR model (RFModel-II) for screening the DrugBank in silico library 21−23 to explore a larger chemical space than that represented by the ICONIX library. Because the applicability domain of the RF model is limited to molecules with physicochemical properties similar to those for the training data set, 24−27 we projected the DrugBank compounds onto the principal components' space of the ICONIX library. We then removed DrugBank molecules with physicochemical properties outside of the 95% confidence interval of the first two principal components computed for the ICONIX library (Supporting Information Figure 3 ). Next, we classified the remaining 6122 DrugBank compounds using our RF-Model-II. Five in silico hits, selected based on their diversity from ICONIX compounds, their novelty, and on their therapeutic interest, were tested successfully as inhibitors (Table 3) . Four of the five selected compounds were MATE1 inhibitors, consistent with our model. Only pimozide was a false positive. Risperidone and maraviroc were potent and selective MATE1 inhibitors. Even though not fulfilling our criteria for clinical significance, maraviroc gets close (C max,unbound /IC 50 = 0.02 with 300 mg b.i.d.). In addition, concentrations in the liver (where MATE1 is also expressed) might be even higher due to the elevated concentrations in the portal vein. Maraviroc seems especially intriguing because it is a novel drug from a new therapeutic class (CCR5 receptor antagonist/entry inhibitor) used to treat HIV infections. 28, 29 To confirm that none of the five in silico hits could be found using 2D similarity and substructure searches, we used DrugBank's web interface to retrieve all compounds similar to MATE1 inhibitors. Each MATE1 inhibitor was used as a query for the search. We used 0.6 as a threshold for the Tanimoto similarity coefficient (T c ), which is the default search option in DrugBank. Only pimozide was found using 2D similarity and substructure searching. The pairwise similarity coefficients of in silico hits ranged from below 0.3 (maraviroc and dapiprazole) to 0.724 (pimozide and droperidol) ( Table 3 ). In conclusion, the in silico screening approach using RF-Model-II against the DrugBank library proved to be helpful and yielded several interesting hits that were confirmed experimentally.
Dragon Descriptors Important for RF Models of MATE1 Inhibitors. The final set of 21 descriptors of RFModel-II was selected using a backward feature elimination algorithm ( Table 4 ). The importance of each descriptor was evaluated by the decrease in the mean accuracy of the model in the descriptors' permutation tests (Supporting Information Figure 4 , Experimental Section). 30 Two topological descriptors, the Balaban distance connectivity index and the Balaban V index, as well as molecular weight, were the most important for the performance of the model (Supporting Information Figure 4 ). Topological and constitutional descriptors dominated the final set of descriptors. Interestingly, none of the 3D descriptors was present among the optimal selection and only one substructure fragment was selected. Ten topological and seven constitutional descriptors differed significantly between MATE1 inhibitors and noninhibitors, as assessed using the nonparametric Mann−Whitney U test (Table 4) . Unfortunately, it is not possible to interpret topological indices in terms of physicochemical properties. The analysis of constitutional descriptors, Compounds that were mispredicted by the model as either positive (i.e., both sartans) or negative. Note that in the latter case the compounds were not hits in the screen either but were selected based on published data. The results shown in this table were used to train RF-Model-I and to achieve an improved model (RF-Model-II).
b Methyl ergonovine was the only wrongly predicted of the tested rescue compounds.
which alone were not as predictive as topological plus physicochemical properties, showed that MATE1 inhibitors tend to be larger (higher molecular weight, higher number of bonds, rings, and longer circuits) and less electronegative than noninhbitors. The importance of lipophilicity for MATE1 inhibitors is again evident from higher MLOGP coefficients. Additionally, the number of nine-membered nitrogen-containing rings (nR09 descriptor) is greater among MATE1 inhibitors. The nR09 descriptor also had higher values among MATE1 selective inhibitors versus OCT2 selective (p-value = 0.0003082) and dual (p-value = 0.004386) inhibitors.
Clinically Relevant MATE1 Inhibitors and Their Implications for Metformin DDIs. A major goal of this study was to identify selective, potentially clinically relevant MATE1 inhibitors. Specificity was assessed by determining IC 50 values for MATE1 as well as MATE2-K, OCT1, OCT2, and OCT3.
Using ASP + as probe, we identified four drugs that, at clinically relevant plasma concentrations, selectively inhibited MATE1 (i.e., the IC 50 value was at least 5-fold lower than that obtained for the other cation transporters). Of these four drugs (indinavir, famotidine, ritonavir, and imatinib), indinavir has so far not been shown to interact with MATE1 and thus is a potential new model inhibitor at clinically relevant plasma concentrations. Of six additional drugs studied, three (i.e., irinotecan, mitoxantrone, ondansetron) inhibited MATE1 at clinical plasma concentrations but were not selective toward MATE1 ( Figure 5 and Table 5 ). Interestingly, mitoxantrone and ondansetron proved to be selective for both MATE1 and MATE2-K over the OCTs, and irinotecan was a dual inhibitor for OCT2 and MATE1. The other three compounds were clinically significant inhibitors for either MATE2-K (i.e., nifekalant) or OCT2 (i.e., pantoprazole, pentamidine). Pantoprazole was truly selective for OCT2 over the MATEs, 18 Although clinical studies are needed, our data suggest that an OCT2 mediated DDI may occur between pantoprazole and metformin.
Because the above results were achieved with the probefluorophore ASP + , which is not relevant clinically, we used 14 Cmetformin to more appropriately identify the potential for DDIs. IC 50 values were assessed in two cellular models, HEK293 cells and polarized MDCK monolayers in which MATE1 is localized on the apical membranes (data not shown). The latter model may more accurately represent MATE1 activity in renal proximal tubule cells in vivo because it is based on polarized cells. 31, 32 The K m values of c Similarly, pantoprazole and pentamidine do not reach a clinically significant concentration for MATE1 inhibition but do so for OCT2. the identified interactions are indeed clinically relevant (Table 6 ). In general, the two cell models yielded results that were in good agreement. Notable exceptions were ritonavir, for which the IC 50 was greater in the MDCK-II model compared with the HEK293 cells, and pentamidine, for which the IC 50 was greater in the HEK293 cells compared with the MDCK-II model. Reasons for these differences may be related to differences in access of the compounds to the MATE1 binding site in the two cell lines.
■ DISCUSSION
To date, approximately 30 drugs have been shown to interact with MATE transporters and some of them are substrates (e.g., metformin, oxaliplatin, acyclovir). 3 A strong overlap of inhibitors (and substrates) among the organic cation transporters in the OCT family and the MATEs is inferred by many authors based on inhibitors and substrates identified so far. 3, 9 However, little is known about structural features that favor inhibition of a specific human cation transporter and lead to selectivity for MATEs over OCTs. The data presented complements two recent publications that address inhibitor selectivity for OCT2 over other cation transporters 15 and for MATE1 over MATE2-K, 12 respectively. In the kidney, predicting drugs that may inhibit MATEs or OCTs is important for predicting DDIs that may potentially lead to nephrotoxic events. In particular, inhibitors of MATE1 would lead to drug accumulation in the kidney and possibly enhance nephrotoxicity, whereas inhibitors of OCT2 would be nephroprotective. The purpose of this study was to screen a prescription drug library to (i) identify novel potent inhibitors of MATE1, (ii) to compare MATE1 inhibitors with inhibitors of another important drug transporter in the kidney (OCT2), (iii) to elucidate the physicochemical properties of MATE1 inhibitors and develop a predictive model to identify MATE1-inhibitors, and (iv) to identify MATE1 selective inhibitors that may potentially cause DDIs at clinically relevant concentrations.
Only 84 compounds were identified as hits in this large-scale library screen of MATE1 compared with 244 hits identified in our previous screen of OCT2. 15 These findings are in agreement with publications, in which inhibitors of OCT2 and MATE1 were summarized and compared, showing that more drugs strongly inhibit OCT2 than MATE1 in in vitro assays. 3, 9, 19 Furthermore, charge distribution was also consistent with previously observed patterns and showed that OCT2 inhibitors were significantly enriched within both the basic compounds and the zwitterions groups, whereas among MATE1 inhibitors zwitterions were not enriched and basic drugs were much less enriched compared to OCT2 (Figure 3) . Paradoxically, some physicochemical properties of the MATE1 selective inhibitors, such as molecular weight, number of heavy atoms, and molecular volume, were more variable compared to those for the OCT2 selective inhibitors. For example, the median and the 25−75% range of molecular weights for OCT2 inhibitors were 309.33 and 269.88−369.41, respectively, whereas for MATE1 inhibitors they were 348.48 and 284.40− 557.83, respectively (Figure 3 ). These data suggest that MATE1 can be inhibited by a larger variety of compounds with more diverse chemical properties, yet fewer compounds inhibited MATE1 than OCT2. One possible explanation for this apparent inconsistency is that the structural and molecular features required for OCT2 inhibition are more common in the chemical space typically occupied by prescription drugs. This means that prescription drugs might be biased toward structural features that favor OCT2 inhibition. Another possibility is the occurrence of multiple binding sites in MATE1 and considerably fewer in OCT2. Indeed, a recent study by Astorga et al. indicates that this is a likely assumption because the pharmacophores developed for inhibitors identified with different probes (MPP + vs ASP + ) were markedly different.
12 Several of the important physicochemical parameters identified in this study have been found in earlier studies with the rat and rabbit homologues of MATE1. For example, using rabbit brush border membrane vesicles (BBMV), various publications identified positive charge and, to a lesser extent, lipophilicity as important contributors to MATE1 binding. 34−36 Furthermore, studies performed in rats also identified hydrophobicity and charge as major factors for MATE1 binding. 37−40 Nevertheless, it seems unlikely that a single molecular descriptor is sufficient to appropriately describe binding to MATE1, as also noted by Astorga et al., 12 and QSAR-models offer the advantage of combining different weighted descriptors to yield a more accurate description of the binding process.
The finding that positive charge, lipophilicity, and molecular weight are important contributors to MATE1 binding is also supported by recently developed structural models of MATE1 41 based on the crystal structure of the NorM-homologue protein found in Vibrio cholerae. 42 From the proposed structural model, it becomes evident that the pore, containing the supposed binding sites, is relatively large and predominantly contains negatively charged as well as hydrophobic patches, 41 thus favoring the binding of large, lipophilic, and positively charged compounds as suggested by the results of this study and by previously published QSAR-models based on rodent MATE1-homologues as well as by the pharmacophore model.
Several studies demonstrated the potential for drug−drug interactions (DDIs) involving MATE1. Indeed, MATE1 knockout mice had significantly increased plasma levels of metformin after intravenous administration, and the urinary excretion of the drug was markedly decreased. 43 In vitro, cimetidine has been reported to interact with metformin 19 and fexofenadine 44 by inhibiting MATE1 mediated transport. In human volunteers, pyrimethamine, a MATE inhibitor, was reported to significantly increase the plasma concentrations of metformin and alter its renal elimination. 45 With respect to in vivo studies, model inhibitors must exert their effect at clinically relevant concentrations. In this study, four drugs have been identified that selectively inhibit MATE1 at clinically relevant unbound concentrations (i.e., C max,unbound /IC 50 ≥ 0.1), namely famotidine, imatinib, ritonavir, and indinavir (Tables 5 and 6 as well as Figure 5 ). To the best of our knowledge, indinavir has so far not been described as a MATE1 inhibitor. The other three compounds were all found to be MATE1 selective in previous studies. Imatinib has been previously described as potentially clinically relevant by our group. 46 This study confirms MATE1 selectivity over OCT3 in addition to MATE2-K, OCT1, and OCT2 that have been reported previously . Interestingly, while both famotidine and cimetidine have been associated with MATE1 selectivity, 19 only the latter was examined with respect to clinical significance and was shown to probably cause the clinically observed DDI with metformin. 19 As Tables 5 and 6 show, three more compounds were predicted to inhibit MATE1 at clinically relevant concentrations but are not selective over other cation transporters. Nonetheless, they might be of clinical use as model inhibitors and because of their effects on multiple renal transporters may result in clinically significant DDIs. For example, mitoxantrone and ondansetron selectively inhibit both MATEs over the OCTs and irinotecan might act as a dual inhibitor for MATE1 and OCT2. Of these three drugs, ondansetron is to our best knowledge the most potent inhibitor of MATEs (IC 50 values in nanomolar range, Table 6 ), is least toxic, orally available, and may be a specific in vivo probe for studying MATE1 and MATE2-K mediated renal DDIs with basic drugs.
Furthermore, three additional compounds are not clinically relevant MATE1 inhibitors but are otherwise of great interest as in vivo tools in preclinical studies. First, nifekalant is predicted to be a clinically significant MATE2-K inhibitor and (if dosed slightly higher) could act as a pan-inhibitor of all three renal cation transporters. Unfortunately, given its use as a class III antiarrhythmic drug, such a higher dose might practically not be feasible due to the risk of adverse drug reactions. Second, pantoprazole selectively inhibited OCT2 at clinical concentrations. Whereas previous studies indicate that pantoprazole is selective for OCT2 over OCT1 and OCT3, 47 our data extend these findings to the MATEs and suggest that pantoprazole might thus be a useful OCT2 selective model inhibitor based on the IC 50 values determined with ASP + . Finally, pentamidine inhibited OCT2 at clinically significant levels, and its C max,unbound /IC 50 ratio for MATE1 (i.e., 0.06) was close to clinical significance. Pentamidine might thus be another dual inhibitor for MATE1 and OCT2 besides irinotecan. Its nephrotoxicity, however, might be a serious limiting factor for its possible use as clinical model inhibitor.
To validate the risk of DDIs associated with the inhibitors described above with ASP + as a substrate, we determined IC 50 values against the clinically relevant model substrate, metformin, which is eliminated exclusively in the kidney, using two distinct models. Metformin is among the most highly prescribed drugs in the world, and DDIs in the kidney might potentially increase the risk of its serious adverse drug reaction, lactic acidosis. OCT2, on the basolateral membrane, and MATE1 and MATE2-K on the apical membrane, appear to be the primary transporters responsible for its secretory clearance. 10, 48 All drugs showed similar or even lower IC 50 values with metformin as a substrate compared to ASP + , underscoring the potential clinical significance of these interactions. Astorga et al. recently showed that distinct pharmacophore models of MATE1 were obtained when different substrates, i.e., ASP + and MPP + , were used in inhibition assays.
12
The finding that the IC 50 values for metformin were different from those of ASP + for several compounds (Table 6 ) is in agreement with the idea of substrate-dependent pharmacophore models.
Furthermore, some of the 84 HTS hits are strong and selective MATE1 inhibitors but are not expected to inhibit MATE1 at clinical concentrations (Table 1) . For example, leucomycine selectively inhibits MATE1 without affecting MATE2-K or OCT2, while topotecan inhibits both MATE1 and MATE2-K and only to a lesser extent OCT2. In addition, chlorhexidine strongly inhibits all tested cation transporters. These compounds provide valuable in vitro tools for predicting the contribution of the various renal transporters to overall renal excretion. While reviewing the HTS data, it became apparent that MATE1 inhibitors were not necessarily also MATE2-K inhibitors and that the constellation of physicochemical properties that determines inhibitors of MATE2-K is likely distinct from those of MATE1 and OCT2. Interestingly, MATE1 inhibitors tested in follow-up studies more frequently inhibited OCT2 mediated transport rather than affecting MATE2-K, as illustrated by gabexate, vecuronium bromide, or rimantadine. Indeed, in this study, we only identified a few MATE-selective inhibitors over OCT2 (e.g., mitoxantrone, ondansetron, topotecan) when at least a 5-fold difference in IC 50 values was used as the criterion. Previous publications show the same trend. 11, 12, 19 Although the study was focused on the identification of MATE1 selective inhibitors, two compounds that seem to be predominantly OCT2 selective were found. As Table 1 shows, ethinyl estradiol exhibits a certain selectivity for OCT2 over the MATEs. 49 The other compound, pantoprazole, has been discussed above. Additionally, we also demonstrate the usefulness of a combined in silico and experimental approach with iterative model improvement (i.e., development of different RF models based on experimental feedback). This approach proved helpful in identifying false positive and false negative screening hits and to identify additional MATE1 inhibitors from a large in silico library (e.g., maraviroc). None of the inhibitors identified in the current study were tested as substrates of the transporters, therefore, direct experiments testing the uptake of the inhibitors by the relevant transporters as well as their mechanism (e.g., competitive or noncompetitive) are needed.
In summary, we tested 910 prescription drugs for their potential to inhibit MATE1 and identified 84 hits. We identified several MATE1 selective inhibitors (e.g., indinavir) as well as general inhibitors of renal transporters with less selectivity. Compounds expected to cause clinically relevant DDIs were identified including compounds that can be used as selective model inhibitors of the individual transporters. Through the development of predictive models, distinct constellations of physicochemical properties were identified that differentiated OCT2 from MATE1 inhibitors. Several interesting MATE1 inhibiting drugs, not contained in the original screening library, were predicted and then experimentally validated, including maraviroc and risperidone. This study adds new in vitro probes as well as possible in vivo model inhibitors to clarify drug excretory pathways and enhances the understanding of both OCTs and MATEs.
■ EXPERIMENTAL SECTION
Reagents. The ICONIX compound screening library was obtained through the Small Molecule Discovery Center (University of California, San Francisco, CA) and contains 910 FDA-approved drugs. 15 4-(4-(Dimethylamino)styryl)-N-methylpyridinium iodide (ASP + ) was purchased from Molecular Probes (Grand Island, NY). All other reagents were obtained from Sigma-Aldrich (St. Louis, MI) and Santa Cruz Biotechnology (Santa Cruz, CA) and were of analytical grade with at least 95% purity unless otherwise stated.
Cell Culture. Flp-In human embryonic kidney (HEK-293-Flp-In) cell lines stably expressing human MATE1, MATE2-K, OCT1, OCT2, and OCT3 were previously established in our laboratory.
15,50−52 Cells were cultured in Dulbecco's Modified Eagle's Medium (DMEM) supplemented with 10% fetal bovine serum, 100 U/mL penicillin, 100 μg/mL streptomycin, and 200 μg/mL hygromycine at 37°C in a humidified atmosphere with 5% CO 2 .
Madin−Darby canine kidney type II (MDCK-II) cells were cultured in modified DMEM with 1 g/L glucose and1 g/L NaHCO 3 (Caisson Laboratories, North Logan, UT) supplemented with 50 U/mL penicillin, 50 μg/mL streptomycin, and 10% fetal bovine serum at 37°C in a humidified atmosphere with 5% CO 2 .
Fluorescent Probe Uptake Assay. MATE1-overexpressing cells were seeded in black poly-D-lysine-coated 96-well plates (Greiner BioOne, Monroe, NC) and grown for 48 h until approximately 90% confluent. After washing twice with Hank's Buffered Saline Solution (HBSS), the cells were preincubated for 30 min in a 30 mM NH 4 Cl solution in HBSS at pH 6.5. Uptake was initiated by application of HBSS at pH 7.4 containing the serially diluted fluorescent substrate ASP + (4-(4-(dimethylamino)styryl)-N-methylpyridinium iodide). After incubating for 1.5 min at room temperature, substrate uptake was stopped by aspirating the incubation mixture and washing the cells twice with ice-cold HBSS containing 500 μM cimetidine to stop the reaction. Similar experiments were performed using 5 μM of ASP + and stopping the reaction at 1, 2, 3, 5, 7, 10, 20, and 30 min. Each test condition was analyzed in triplicate. The intensity of accumulated ASP + fluorescence was measured using an Analyst AD plate reader (Molecular Devices, Sunnyvale, CA) with excitation and emission filters tuned at 485 and 585 nm wavelength, respectively. Transport kinetics studies for MATE2-K and OCT1, 2, and 3 were performed similarly with the following modifications: no preloading of cells with NH 4 Cl was required for ASP + uptake by the OCT-transfected cells and the HBSS stop solution contained 200 μM spironolactone and 200 μM corticosterone for OCT1 and OCT3, respectively. Transport kinetics and Z′-values were calculated as described elsewhere. 15 High Throughput Screen (HTS) of Transporter Inhibition. The high throughput screen was performed at the Small Molecule Discovery Center at the University of California, San Francisco. Assay buffers were prepared by diluting 1 mM inhibitor stock solutions in DMSO with HBSS (pH 7.4) containing ASP + (5 μM) to a final inhibitor concentration of 20 μM (2% DMSO). Nonspecific transport was determined in separate wells on each assay plate using 500 μM cimetidine as inhibitor of MATEs. After subtraction of the nonspecific transport, residual transport rates were used for further calculations. Predicted half-maximum inhibitory concentrations (prIC 50 Experimental IC 50 Determination. Selected compounds, which reduced ASP + uptake by 50% or more in the HTS, were subjected to experimental IC 50 determination. The selection was based on literature-reported transporter selectivity (IC 50 values versus MATE2-K, OCT1, OCT2, and OCT3), clinical relevance, chemical structure, and novelty. To determine IC 50 values, after preincubation as described above, the stably transfected HEK293 cells were simultaneously exposed to ASP + (2 μM) and the compound of interest at various concentrations (ranging from 0 to 500 μM) in HBSS at pH 7.4. The dilutions were prepared from 25 mM DMSO stock solutions, and the DMSO concentration was kept constant at 2% in all samples. After 1.5 min, transport was stopped by removing the uptake media and washing twice with ice-cold stop solution as described above. Then fluorescence within the cells was determined and IC 50 values were calculated using the Prism Software. Values were accepted if the R 2 value of the resulting sigmoidal curve was higher than 0.98 and an acceptable standard deviation of the data points was achieved. The uptake of ASP + was measured in triplicate at each inhibitor concentration. IC 50 determinations for selected compounds as inhibitors of MATE2-K, OCT1, OCT2, and OCT3 were performed similarly with the following exceptions: no preincubation with NH 4 Cl was required for ASP + uptake by OCT-transfected cells, the incubation time for OCT-transfected cells was 3 min, and the HBSS stop solution in the OCT1 and OCT3 experiments contained 200 μM spironolactone and 200 μM corticosterone, respectively. MATE1 IC 50 Determinations With 14 C-Labeled Metformin in HEK293 Cells. The determinations were performed as described elsewhere, 46 with the modification that 28 μM 14 C-metformin (1 μCi/ml) were used.
MATE1 IC 50 Determinations With 14 C-Labeled Metformin in Polarized MDCK-II Cells. MDCK-II cells were seeded on 96-well porous membrane insert plates (Millipore, Carrigtwohill, Ireland) coated with rat tail type I collagen (Millipore, Temecula, CA) at a seeding density of 60K per well 24 h prior to transfection. Fully confluent MDCK cell monolayers were transfected with pCI-MATE-1 (accession number NM_018242) or pCI-GFP control plasmid DNA at a final concentration of 30 ng/μL, using a proprietary OptiExpression transfection technology (Optivia Biotechnology, Menlo Park, CA). The transiently transfected MDCK cells were incubated for 48 h to allow the cell monolayers to become polarized. The plates were washed apically and basally three times with warm HBSS (Mediatech, Manassas, VA). After the final wash, the apical sides of the MDCK monolayers were incubated in 150 μL of HBSS−30 mM NH 4 Cl buffer for 20 min at 37°C on a 60 rpm shaking platform to allow for intracellular acidification. The basolateral side of the insert plate was blotted and left dry. After preincubation, the cells were washed once with warm HBSS and replaced with 10 μM test inhibitor or 0.5% DMSO as vehicle control. As a inhibition control, 10 μM cimetidine was added as a reference inhibitor in the presence of 10 μM 14 C−metformin. The plates were placed on a 60 rpm shaking platform for 5 min at 37°C for 5 min. After this time, the cells were immediately washed both apically and basally with three washes of ice-cold PBS. To assess 14 C−metformin intracellular accumulation, 60 μL of 50:50 acetonitrile:H 2 O was added to the inserts and shaken at 37°C for 15 min. A 30 μL sample of the solubilized cell monolayers was taken for liquid scintillation counting (MicroBeta, Perkin-Elmer, Santa Clara, CA).
In Silico Modeling. Three-dimensional structures of 910 compounds were generated using the Corina version 3.20 package (Molecular Networks GmbH, Erlangen, Germany). SMILES strings were used as input, hydrogen atoms were added, small fragments were removed, charges were neutralized, and 100 ring conformations were generated for each compound. The lowest energy conformations of each molecule were used to compute Dragon (Talete srl, Milano, Italy) molecular descriptors. Ten compounds were removed due to computational failure in the Corina or Dragon software. Descriptors with variance near zero were removed and pairwise correlation coefficients were computed for the remaining descriptors. One randomly chosen descriptor was removed from highly correlated descriptor pairs (correlation coefficient greater than 0.90). All descriptor values were centered and scaled. The random forest (RF) algorithm 17 was used to develop a binary classification model that differentiates between MATE1 inhibitors and noninhibitors. Class labels were assigned to all compounds. Compounds were assigned either a class label 1 if they showed inhibition greater than 50% in the HTS (inhibitor) or a class label 0 otherwise (noninhibitor). A training and a test set were constructed by partitioning the ICONIX data set into two nonoverlapping subsets (training and test sets), each consisting of 450 compounds. The ratio of inhibitors to noninhibitors in the subsets was kept the same as in the whole data set (approximately 1:10). Next, a RF model was tuned by the means of out-of-bag validation of the training set. 30 Random forest parameters were tuned to maximize the area under the receiver operating characteristic curve (AUC). The best model from the inner loop was tested on the withheld test data set. The entire validation was repeated 10 times for different partitioning of data. Descriptor importance was computed and a feature elimination algorithm was used to select the 21 most important molecular descriptors. The algorithm iteratively removes molecular descriptors in the inner loop if the AUC does not decrease. A permutation test was performed to access the statistical significance of the final models. This test studied the null hypothesis that the molecular descriptors and the class labels are independent, that is, that there is no difference between the classes (i.e., inhibitors and noninhibitors). The null distribution under this hypothesis was estimated by permuting the labels of the data set 1000 times. The results of the permutation test showed that models achieved significantly higher AUCs than expected by chance (p < 0.0001). RF models were used to compute a classification score in the range [0,1] for each of the 900 compounds. The score cutoff was calibrated against the classifier error in the outer validation loop and was set to 0.2 for subsequent analyses. The compounds with a score greater than or equal to 0.2 were classified as inhibitors, and compounds with a score less than 0.2 were classified as noninhibitors. All computational modeling was performed using the caret library in R.
The kNN and PLS-DA models were constructed following the same protocol. The Student's t test was used to assess the differences between kNN and RF as well as between PLS-DA and RF algorithms.
In Silico Model Refinement. The first RF model (RF-Model-I) was refined by incorporating the validation results to yield RF-Model-II. During the refinement, compound labels were updated to reflect new experimental results and new models were developed and tested as described above. To enable comparisons between the initial and refined models, data partitioning was done with the same seed for the random number generator. A paired Student's t test was used to assess the model improvement.
DrugBank Ligand Screening. Three-dimensional structures of 6363 compounds were retrieved from the DrugBank database, and 21 Dragon molecular descriptors (Table 4) were computed for each compound. The final RF model (RF-Model-II) was used to predict the MATE1 inhibition status for each of the DrugBank compounds. Compounds with a score greater than or equal to 0.2 were classified as inhibitors, and compounds with a score less than 0.2 were classified as noninhibitors.
DrugBank similarity and substructure searches were performed using DrugBank's web interface with default options. Tanimoto coefficients of similarity were computed using the Drugbank interface.
Principal Component Analysis of Physicochemical Properties. Three-dimensional structures of 910 compounds were generated as described above (In Silico Modeling). The lowest energy conformations of each molecule were used to compute molecular weight, molecular volume, number of heavy atoms, number of rotatable bonds, number of hydrogen bond donors and acceptors, SLogP, topological polar surface area, and charge. ChemAxon Calculator (cxcalc) version 5.11.1 was used to compute the formal charge, ApKa, and BpKa at pH 7.4. The compounds were binned into acids (ApKa < 9.4), bases (BpKa > 5.4), zwitterions (ApKa < 9.4 and BpKa > 5.4), and neutral (ApKa > 9.4 and BpKa < 5.4). Compounds for which ChemAxon Calculator failed to compute ApKa and BpKa values were denoted as unknown. Principal component analysis was performed with the printcomp function in the stats library in R.
Statistical Analysis. Statistical differences in physicochemical properties of OCT2 inhibitors, MATE1 inhibitors, dual inhibitors, and noninhibitors were assessed with the Dunnett−Tukey−Kramer pairwise multiple comparison test adjusted for unequal variances and unequal sample sizes. Over-or under-representation of bases, acids, zwitterions, and neutral compounds among OCT2 inhibitors, MATE1 inhibitors, dual inhibitors, and noninhibitors was determined with the hypergeometric test. Differences between AUC values of 10 independent test sets of two different models were assessed with the Student's t test. Differences between properties of Dragon descriptors of MATE1 inhibitors and noninhibitors were assessed using the nonparametric Mann−Whitney U test. 
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■ ABBREVIATIONS USED

ASP
+ , 4-(4-(dimethylamino)styryl)-N-methylpyridinium iodide; HBSS, Hanks' Balanced Salt Solution; HEK293, human embryonic kidney cell line; kNN, k-nearest neighbor; MATE1, multidrug and toxin extrusion transporter 1; MATE2-K, multidrug and toxin extrusion transporter 2, kidney specific splicing variant; OCT, organic cation transporter; PCA, principal component analysis; PLS-DA, partial least-squares discriminant analysis; QSAR, quantitative structure−activity relationship; RF, random forest; AUC, area under the receiver operating curve; SD, standard deviation; SEM, standard error of the mean; SLC, solute carrier
